Detectability of individual animals is highly variable and nearly always < 1; imperfect detection must be accounted for to reliably estimate population sizes and trends. Hierarchical models can simultaneously estimate abundance and effective detection probability, but there are several different mechanisms that cause variation in detectability. Neglecting temporary emigration can lead to biased population estimates because availability and conditional detection probability are confounded. In this study, we extend previous hierarchical binomial mixture models to account for multiple sources of variation in detectability. The state process of the hierarchical model describes ecological mechanisms that generate spatial and temporal patterns in abundance, while the observation model accounts for the imperfect nature of counting individuals due to temporary emigration and false absences. We illustrate our model's potential advantages, including the allowance of temporary emigration between sampling periods, with a case study of southern red-backed salamanders Plethodon serratus. We fit our model and a standard binomial mixture model to counts of terrestrial salamanders surveyed at 40 sites during 3-5 surveys each spring and fall 2010-2012. Our models generated similar parameter estimates to standard binomial mixture models. Aspect was the best predictor of salamander abundance in our case study; abundance increased as aspect became more northeasterly. Increased time-since-rainfall strongly decreased salamander surface activity (i.e. availability for sampling), while higher amounts of woody cover objects and rocks increased conditional detection probability (i.e. probability of capture, given an animal is exposed to sampling). By explicitly accounting for both components of detectability, we increased congruence between our statistical modeling and our ecological understanding of the system. We stress the importance of choosing survey locations and protocols that maximize species availability and conditional detection probability to increase population parameter estimate reliability.
Introduction emigration into burrows, tree cavities, or other refugia. Including availability is useful in these cases, as it enables researchers to partition and model the effective detection probability in a quantitatively and biologically meaningful way.
Terrestrial woodland salamanders (family Plethodontidae) are ideal for examining the components of detectability using binomial mixture models for several reasons. First, capturemark-recapture (CMR) is not always an option for amphibians; its labor-intensive nature means that marking enough amphibians to satisfy CMR assumptions is difficult and expensive [17, 24, 25] . Additionally, recapture rates are often very low for amphibians [26] [27] [28] . Second, terrestrial salamanders' three-dimensional use of forest litter and soil is fairly unique among vertebrates. Since they lack lungs, they require moist substrate to sustain cutaneous respiration [29, 30] . This high moisture requirement, coupled with terrestrial salamanders' limited mobility, means that they exhibit limited activity on the ground surface and have small home ranges [31, 32] . Terrestrial woodland salamanders often remain under surface cover objects to retain moisture, but retreat to underground burrows to prevent desiccation when surface conditions become too dry [33] [34] [35] . Therefore, unlike many other animals, terrestrial woodland salamanders' primary direction of movement is vertical rather than horizontal, which causes high levels of daily and seasonal temporary emigration underground [11, 28, 36] .
Terrestrial salamanders undoubtedly have ecological impacts deeper than the forest floor [28, 37] ; accordingly, when estimating abundance, we are interested in the total number of salamanders in an area-both at the surface and belowground. This quantity has been termed "superpopulation," as opposed to the "surface population" consisting of salamanders available for capture [11, 23, 38] . As with other organisms, terrestrial salamanders' detectability varies in two major ways: (1) spatially, because of local habitat characteristics, and (2) temporally, due to changing environmental conditions and seasonal activity patterns [11] .
Our objectives were to: (1) develop a binomial mixture model that explicitly accounts for the distinct components of effective detection probability-conditional capture probability and availability and (2) compare our model to a standard binomial mixture model. For our terrestrial salamander case study, we sought to (3) identify landscape factors that best predict abundance, and (4) identify weather and habitat-related factors that best predict availability and conditional capture probability. We present our modeling approach and results of our case study using Southern red-backed salamanders Plethodon serratus.
Materials and Methods

Model development
State process. The state process describes the ecological mechanisms that generate spatial and temporal patterns in abundance. If sampling adheres to a metapopulation design with repeated counts of unmarked individuals (y ijk ) occurring at i = 1, 2,. . ., R sites over j = 1, 2,. . ., T surveys (secondary periods) and k = 1, 2,. . ., K seasons (primary periods), then we may presume the abundance at each site (N ik ) follows a Poisson distribution with mean λ ik (eqn. 1; [5, 16, 20] ).
b lðiklÞ x lðiklÞ þ d lðikÞ eqn2
The parameter λ ik represents the mean abundance of animals at site i in season k. We specify season-specific (α λ(k) ) or site-by-season (α λ(ik) ) intercepts of log λ. We can account for spatial heterogeneity in abundance by including m site and/or season-specific covariates on the logtransformed λ ik , as well as site-specific random effects (δ λ(ik) ; eqn (2) . We assume N at each site remains constant during each primary period, but abundance may change between primary periods.
Observation process. The observation model reflects the imperfect process of counting individuals. Repeated counts (y ijk ) follow a binomial distribution, with index N ik (per-site abundance) and success probability p ijk (per-individual detection probability; eqn (3) . Implicitly, p represents the effective detection probability, which is the product of the conditional capture probability ω and availability probability ν eqn (4). Both components of effective detection probability can vary with site, survey, and season.
We distinctly modeled the two components of p to more accurately reflect the separate processes that generated our observations. It is difficult to make inferences about both components of p without relevant explanatory variables; ν and ω remain confounded and the effective detection probability is reported [22] . However, if covariates are available that explain variation in each of the two components, then distinct parameter estimates may be identifiable. We logittransformed ν and ω to constrain the probabilities between 0 and 1 and to incorporate covariates, which can be site, season, and/or survey-specific eqns (5, 6) . Site or survey-specific random effects (δ) can also be included.
b oðijklÞ x oðijklÞ þ d oðijkÞ eqn6
Simulation study
To test the validity of our temporary emigration (TE) model, we evaluated its performance on simulated data for 6 different scenarios-each combination of low, moderate, and high availability intercepts (α ν = 0.2, 0.5, 0.8) with moderate and high conditional capture probability intercepts (α ω = 0.5, 0.9). All simulated data sets included 6 primary periods, 5 secondary periods per primary period, and 40 study sites. We simulated data using R [39] and performed analyses using JAGS [40] via the package R2jags [41] . For each simulation, we ran 3 chains for 10000 iterations, discarded the first 5000 as burn-in, and specified random starting values. We assessed convergence of all parameters using the Gelman-Rubin statistic (R-hat < 1.1; [42] ), and conducted enough simulations to accrue 100 replicates for each scenario. We computed the bias and coverage rate (proportion of 100 posterior 95% credible intervals [CRI] that contained true parameter value) from the posterior means of α ν , α ω , α λ , and total abundance. R/JAGS code is included in S1 Appendix.
their lives underground, but surface during favorable conditions to forage and mate. In Missouri, red-backed salamanders exhibit a seasonal activity pattern, with highest surface activity from March to May and September to October. Females oviposit during May and June, and eggs hatch between July and August [44] . These physiological constraints and life-history traits generate daily and seasonal patterns of surface activity. We conducted surveys for P. serratus at the US Forest Service Sinkin Experimental Forest (Dent County, Missouri, USA; Fig. 1 ). The study site-within the Ozark Plateau-consists of mature (80-100 year old) oak and oak-pine stands (Quercus spp., Pinus echinata) that had not been harvested or thinned for ! 40 years [45] . We established two 10m x 10m plots within each of twenty 5-ha experimental units, yielding i = 40 survey plots (Fig. 1) . We conducted 3-5 surveys (j) at all plots in each spring and fall 2010-2012 (k = 6 seasons); surveys lasted 2-4 days and were separated by an average (±1 SD) of 7 ± 3.7 days. We completed all surveys within each season in a short enough time span (32.1 ± 5.7 days) to assume the population was demographically closed. Terrestrial salamanders do not experience large population fluctuations over the course of a few months, so we did not expect substantial turnover or permanent emigration [17] .
We conducted diurnal area-constrained searches of 3m x 3m (9-m 2 ) quadrats; we searched different sections of each plot in successive surveys to avoid sampling-induced bias. Each of two observers searched 1m-wide transects by crawling through the 9-m 2 quadrat while handraking leaf litter and duff and flipping natural cover objects when encountered; we continually replaced leaf litter and cover objects and ensured plots were reconstructed upon completion. Observers continued until the entire 9-m 2 quadrat was thoroughly searched (average 9.1 ± 2.8 min); each of the 40 plots was searched in randomly determined order during each survey. For each plot, we recorded total salamanders captured, rocks (! 5 cm), woody cover objects (WCOs), mean soil temperature, time of day (range = 0630-1900), and mean leaf litter depth (as in [35] ). We obtained rainfall and temperature data from the Sinkin Experimental Forest weather station (MSINM7). Site-specific variables of slope, Beers-transformed aspect (linear scale; southwest = 0, northeast = 2), soil water-holding capacity (AW), terrain shape index (TSI), and landform index (LFI) were determined from the Regional Oak Study [45] . We expected variation in landscape features to drive variation in abundance among sites; thus, we included aspect, slope, AW, TSI, and LFI as abundance covariates. We let the abun Because our survey technique targeted aboveground salamanders, we assumed availability probability ν was strongly associated with climatic and temporal factors that drive terrestrial salamander surface activity. Previous work suggested that time since rainfall explained over 60% of the variation among raw survey counts, which approximate salamander surface activity [35] . Thus, we included days-since-rainfall, soil temperature, time-of-day, and a quadratic time-of-day term as availability covariates. We also included a site-by-season random effect to account for unexplained variation in availability.
Conditional capture probability, by definition, is only applicable to animals that are available for capture. For our study, ω can be thought to represent the likelihood of an observer capturing a surface-active (i.e., available) salamander. Area-constrained searches have inherently high capture likelihoods because of their comprehensive nature and the proximity of the observer to the target organisms [46] . Thus, we assumed the intercept α ω to be relatively high, and that differences in conditional capture probability among plots were primarily influenced by the structural complexity of the quadrat. Therefore, we included the covariates leaf litter depth, rocks, and WCO to reflect plot complexity.
As in the simulation study, we fit our models using JAGS [40] via the R2jags library [41] within R [39] . Prior to analysis, all covariates were standardized to promote Markov chain Monte Carlo convergence. We chose a vague normal prior for α λ (mean = 0, SD = 10), weakly informative uniform priors for all coefficient terms (-3, 3) and the intercept α ν (-4.6, 4.6 [0.01, 0.99 on probability scale]), and an informative normal prior for α ω (mean = 2.2 [= 0.9 on probability scale], SD = 0.4). Informative priors promote model convergence by excluding unreasonably extreme values and stabilizing the logit function [4, 47] . For both site-by-season abundance models, we ran 3 chains with 500000 iterations each, discarded the first 250000 as burn-in, and thinned the remaining samples by 1 in 150 to obtain 5001 samples for analysis. The season-specific abundance models required fewer iterations to achieve convergence; we ran 3 chains for 50000 iterations, discarded the initial 25000, and thinned the remainder by 1 in 15 to obtain 5001 posterior samples. We confirmed convergence using the Gelman-Rubin statistic (R-hat < 1.01; [42] ) and assessed model fit using posterior predictive checks-we calculated a Bayesian P-value by comparing Chi-squared discrepancy statistics of observed to simulated data [4] . Model specification and R/JAGS code is available in S2 Appendix.
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Results
Simulation study
The absolute bias of α ν ranged from -1 to +3% on the probability scale; coverage rate was 93-98% (Table A in S3 Appendix). The width of the 95% CRI decreased as the availability and conditional capture probabilities increased (Table A in S3 Appendix). The absolute bias of α ω ranged from 0 to +3% on the probability scale; coverage rate was 91-99% (Table B in S3 Appendix). The width of the 95% CRI decreased among scenarios as the availability probability increased, but did not differ between moderate and high conditional capture probability scenarios (Table B in S3 Appendix). The mean relative bias of α λ (on raw scale) was -1.5% (range: -8.5% to +1.1%); coverage rate ranged from 92-97% (Table C in S3 Appendix). The width of the 95% CRI again decreased as availability probability increased, but did not differ with conditional capture probability (Table C in S3 Appendix). The relative bias of total abundance ranged from -2.4% to +6.3% (Table D in S3 Appendix). The coverage rate for correctly estimating the abundance in all 6 seasons ranged from 72 to 94%, while the coverage rate for estimating at least 5 seasons correctly was between 90 and 97% (Table D in S3 Appendix).
Case study: Southern red-backed salamanders (Fig. 2, Table 1 ). Both the TE and NE models with site-by-season abundance intercepts had higher abundance estimates than their counterparts with season-specific intercepts (Fig. 2) (Tables 1 & 2) . Standard deviations of site-specific random effects (abundance) and site-by-survey random effects (detection process) were significant for all models (Table 2) .
Temporary emigration models. After correcting for imperfect detection, aspect had a greater effect on salamander abundance than other landscape factors (Table 2) . Abundance increased as the aspect approaches northeast, and deceased toward southwest (Fig. 3) . The estimates of total abundance per season varied between temporary emigration models, but some CRIs overlapped slightly ( (Table 2 ). Availability steadily decreased as time-since-rainfall increased ( Rock density had the greatest effect on conditional capture probability (ω), followed by WCO abundance ( Table 2 ). The conditional capture probability increased as the number of WCO and rocks increased (Fig. 4B & 4C) . Overall, conditional capture probability was fairly steady across seasons (Fig. 5) Standard binomial mixture models. Parameter estimates for both NE models were similar to their TE counterparts. Aspect had the greatest effect on abundance under model NE[season] (Table 2) ; salamander abundance increased as aspect approached northeast. Seasonal abundance estimates also varied between NE models, with slight overlap in CRI for a few seasons (Table 1) Time-since-rainfall had the greatest effect on effective detection probability (p) in both NE models (Table 2 ). Rocks and WCO abundance per plot had moderate positive effects on detection probability ( Table 2 ). The quadratic of time-of-day was also important for detection probability under both models ( 
Discussion
We built an explicit description of a two-component observation process into a binomial mixture model to distinguish between two pertinent components of detectability: availability (or lack of temporary emigration) and conditional capture probability. By explicitly considering two components of the observation process, we increased congruence between our statistical model and our ecological understanding of the system. Many animals exhibit behaviors that affect their availability to be detected; examples include terrestrial mammals and invertebrates that periodically use underground burrows, aquatic animals that are not close enough to the surface to be seen, and populations in which only breeding individuals are available for capture. Our model framework is flexible, making it possible to apply to many different taxa and survey methods. Our simulation study indicates that the model is valid over a range of reasonable availability and conditional capture probability values. Other models accounting for temporary emigration have been developed [11, 22, 23, 38] , but many involve CMR, which can be time-intensive and prohibitively expensive for amphibians NE models include effective detection probability. TE models partition effective detection probability into availability (lack of temporary emigration) and conditional detection probability. Abundance intercepts varied by season or site-by-season. Parameters with CRI not overlapping zero indicated in bold.
doi:10.1371/journal.pone.0117216.t002 [48, 49] and other taxa. Chandler et al. [50] developed a single-season generalized binomial/ multinomial-mixture model accounting for temporary emigration in unmarked organisms; however, their model is set in a maximum-likelihood framework, and is not open to changes in demographic parameters. Like CMR methods, temporary emigration is only allowed between primary periods, so the model cannot accommodate temporary emigration that occurs between secondary periods. In systems like ours, it makes biological sense for availability to vary among surveys (secondary periods) because terrestrial salamanders respond so strongly to changing moisture levels and temperature [35] . Our model allows for temporary emigration between secondary periods, which enables estimation of survey-specific values of availability. Like other models, it also allows fitting of site and/or season-specific covariates to both components of detection probability. Unlike the Dail-Madsen open-population binomial mixture , we do not explicitly estimate between-season population dynamics (e.g., recruitment and survival rates); however, we can still observe changes in abundance estimates among seasons. Overall, parameter estimates from our TE models did not differ greatly from corresponding NE models. The difference between posterior mean estimates from models TE[season] and NE [season] ranged from 3.5 to 38.6% for abundance covariates, 11.5 to 52.4% for availability covariates, and 18.1 to 87.0% for conditional detection covariates, however; corresponding 95% CRIs overlapped for all covariate parameter estimates. There were starker differences between models with different abundance intercept specifications (season versus site-by-season; Tables  2 & 3) . This indicates that both types of models were sensitive to α λ specification; the parameters from season and site-by-season models could amount to low and high estimates of salamander abundance [52] . We believe the observation that we can partition detectability into its components-and still generate similar abundance estimates to a standard binomial mixture model-is evidence of the usefulness of our model.
We used a terrestrial salamander for our study because they are known to exhibit high levels of temporary emigration that is largely vertical, unlike many animals that wander horizontally on the landscape [11, 36, 49, 53] . Our study further illustrated the prevalence of infrequent surface activity in terrestrial salamanders, and the importance of choosing a sampling method appropriate for the desired level of inference about a population. We estimated site and seasonspecific abundance, which represents the superpopulation of surface-active and belowground salamanders. We saw considerable variation in abundance among sites, but overall the most informative predictor of abundance was aspect. Highest salamander abundance is predicted on northeast slopes, while southwest slopes have the lowest predicted abundance. Northeast slopes are generally the coolest and wettest areas, which may be ideal for terrestrial salamanders that require moisture for cutaneous respiration [29, 30] . Site-specific random effects on abundance encompassed overdispersion; these terms explained variation in abundance otherwise unaccounted for in the model.
We found levels of temporary emigration somewhat lower than previous studies of terrestrial salamanders that used CMR: our per-survey range was 30% to 95% (mean 47%). Buderman and Liebgold [53] found per-season temporary emigration ranged from 65% to 83%, while Bailey et al. [11, 38] reported a range of 61% to 98% (mean 87%) per season. Bailey et al. [38] found that temporary emigration varied across the landscape; undisturbed/high-elevation sites had greater salamander surface activity than disturbed/low-elevation sites. They attributed the difference to decreased microhabitat variability in higher quality sites, leading to lower levels of belowground salamander emigration. In our study, salamander surface activity was primarily driven by temporally variable factors such as recent rainfall, which we used to inform the availability parameter. This allowed us to estimate a survey-specific value for availability, unlike other temporary emigration models. Variation in availability not explained by specified covariates was captured in the random survey effect.
Conditional capture probability is highly influenced by spatially variable factors such as rock and cover object density. Bailey et al. [38] reported higher conditional capture probabilities on disturbed/low-elevation sites than undisturbed/high-elevation sites. They suspected that higher conditional capture probabilities resulted from higher densities of cover objects, which may concentrate surface-active salamanders and make them easier to catch. We think that our result of conditional capture probability increasing with rock and WCO density also illustrates this point. We believe this is because the chance of capturing a salamander, given it is available, decreases as plot complexity increases; sites that have higher cover object density tend to have less vegetation, and are therefore easier to search. Search protocols also have a substantial impact on capture probability of terrestrial salamanders [53, 54] . It is critical to choose methods that maximize the capture probability of available individuals; low capture probabilities often result in large confidence intervals in population parameter estimates and can make detecting population trends difficult [9, 17, 53] . The models we compared are designed to fit data collected in a metapopulation designwith replicate surveys over time at a number of replicate sites [16] . Previous studies have applied binomial mixture models in terrestrial salamander research [17, 18, 55] , but none explicitly incorporated temporary emigration. Our temporary emigration model requires more information than the standard binomial-mixture model in order to partition the observation process into its two components. We collected data on spatial covariates that we believe influence conditional capture probability, and we relied on expert opinion and field experience to determine its prior distribution. In other situations, this information could be gleaned from preliminary data or a more intensive sampling regime on a subset of sites (sensu [10] ). This ability to use pilot data or expert knowledge of a study system to set informative priors (and encourage model fitting) is a major advantage of the flexible Bayesian framework [14, 20, 56] .
Understanding the distinction between detectability components, as well as how they are differentially affected by natural or anthropogenic disturbances, could be key in certain management decisions. Some disturbances may increase conditional detection probability by clearing survey areas and making it easier to spot organisms of interest. However, if availability is not accounted for, a false increase in effective detection probability could be perceived, leading to spurious conclusions about population estimates. For example, suppose we are interested in bird responses to wildfire, and are studying two different forest species-one green, the other brown. Before a fire, we presume the species would have similar conditional detection probabilities because they both have some camouflaging. After an intense fire that burns through the canopy, the green species would lose its camouflage and be easier for researchers to spot against the black and brown landscape. If we counted the same number of green and brown birds after the fire, but did not account for the increase in conditional capture probability of the green species, our green population estimate would be biased high, and we could miss a true population decline in the species.
Both parameters-availability and conditional detection probability-are required to fully describe the observation process that we use to make inferences about the ecological process. For robust, long-term monitoring programs, managers should select sites and survey protocols that maximize both species availability and conditional detection probability to increase precision of population parameter estimates and predictability of population trends. 
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